The advent of high-throughput genomics techniques, along with the completion of genome sequencing projects, identification of protein-protein interactions and reconstruction of genome-scale pathways, has accelerated the development of systems biology research in the yeast organism Saccharomyces cerevisiae. In particular, discovery of biological pathways in yeast has become an important forefront in systems biology, which aims to understand the interactions among molecules within a cell leading to certain cellular processes in response to a specific environment. While the existing theoretical and experimental approaches enable the investigation of well-known pathways involved in metabolism, gene regulation and signal transduction, bioinformatics methods offer new insights into computational modeling of biological pathways. A wide range of computational approaches has been proposed in the past for reconstructing biological pathways from high-throughput datasets. Here we review selected bioinformatics approaches for modeling biological pathways in S. cerevisiae, including metabolic pathways, gene-regulatory pathways and signaling pathways. We start with reviewing the research on biological pathways followed by discussing key biological databases. In addition, several representative computational approaches for modeling biological pathways in yeast are discussed. . His research is focused on bioinformatics, computational biology, data mining and machine learning.
Introduction
Biological pathways represent a series of molecular interactions within a cell at different conditions that lead to end-point biologicalfunctions. Signals from external environment trigger internal chemical reactions in biological pathways to tackle specific tasks. For example, the function of a MAPK-containing complex can be altered by the phosphorylation of components due to active MAPK in the MAPK signaling pathway [1] . Over the past decade, many large-scale experimental and computational approaches have been developed to decipher chemical reactions in metabolic pathways, gene regulation in regulatory network and the transmission of signals in signaling pathways.
Signaling pathways process the chemical activities in response to the signals sent from the exterior of the cell to the internal receptor. Gene regulatory network represents the transcriptional regulation activities between genes and transcription factors. Metabolites in a metabolic pathway interact with each other inside the cell, with enzymes catalyzing the metabolic reactions. Different chemical signals stimulate specific proteins inside the signaling pathway to trigger specific reactions. Identification of relationship among genes, proteins or molecules in biological pathways is critical for understanding complex biological activities and biological functions. Figure 1 represents the interrelationship among signaling pathway, gene regulatory network and metabolic Figure 1 . Interrelationship among signaling pathway, gene regulatory network and metabolic pathway in a cell. Cell starts to recognize and receive the signals by activating the membrane receptors, responding to the stimulus of the changes in the outside environment. The receptors can help transmit the signal outside the cell membrane into the signaling pathway inside the cell, activating a series of biochemical reactions. Take the MAPK signaling pathway in yeast (Top-right) from KEGG [2] as example, the signaling pathway is initialized by the stimuli of peptide mating pheromones, which are Mat-alpha and MatA, then the receptor Ste2 or Ste3 connects the peptide mating pheromone and activates the MAPK signal transduction cascades. The signaling cascade will finally produce the protein kinases that can enter the nucleus and activate the gene transcription by binding the transcription factors onto promoters of DNA. In the example of cell cycle yeast pathway (Bottom-left), the Cln3-Cdc28 protein kinases activate the transcription factors SBF and MNF, which regulate the Cln1/2 gene expression. The gene regulatory network can control the gene expression levels of mRNA by activating the transcription factors, and further translate the mRNA into proteins. Specific proteins, called enzymes, will participate in the metabolic pathway and catalyze a series of biochemical reactions by converting substrates into products, in which the product of one reaction becomes the substrate of next reactions. In the Glycolysis/Gluconeogenesis pathway (Bottom-right), experiments [3] showed the regulators identified in cell cycle also regulated the metabolic enzymes to catalyze the cellular metabolism. (A colour version of this figure is available online at: http://bfg.oxfordjournals.org) pathway within a cell accomplishing the biological activities. The three kinds of biological pathways can be represented by network graph in which the node represents the entity in the pathway and the edge represents the interaction between the entities.
Saccharomyces cerevisiae, as one of intensely studied singlecell eukaryotes, has been commonly used as a template organism to discover similar cellular processes and specific protein functions in other organisms. Many important functional pathways, such as lipid metabolism [4] and cell cycle [5] , have been identified as similar cellular processes between yeast and human [6] . Through the historical development of systems biology research in yeast, S. cerevisiae has been widely studied from individual system components to complex module interactions in order to decipher the complete picture of the cellular processes.
The first complete genome sequencing of S. cerevisiae was achieved through the yeast genome project in 1996 [7] . With the completion of genome sequencing project, identification of protein-protein interactions became one of the key topics of focus on system-level molecular network study in S. cerevisiae, and was accomplished by different types of approaches, ranging from in vivo studies to in silico studies [8] . Yeast two-hybrid system was deemed as an effective in vivo technique to detect direct interactions between protein pairs based on the activation of functional transcription factors [9] . In the meantime, the in silico methods have proven their effectiveness of predicting potential interactions between proteins, for instance, based on the three-dimension structural similarities [10] , and complemented the experimental approaches [8] . Interactions between proteins can also be indirectly identified through coexpressed genes using mRNA levels, which indicates that genes sharing similar expression patterns under a specific condition interact with each other [11] . Molecular interactions among cell activities also drove the study of gene coregulation in response to different conditions [12, 13] . Functionally correlated modules with sets of coregulated genes have been identified using S. cerevisiae expression datasets [14] [15] [16] .
In addition to the detection of protein-protein interactions and gene regulatory network, there has also been a significant effort toward the reconstruction of metabolic pathways for understanding yeast genes in complex biological systems. The first genome-scale metabolic network has been manually curated for S. cerevisiae which contains 1175 metabolic reactions and 584 metabolites [17] . Several groups continued to reconstruct and expand the metabolic models by integrating the experimental and computational techniques [18] [19] [20] [21] [22] .
At the same time, experimental approaches combined with computational methods have contributed toward the reconstruction of signaling pathways from microarray expression data and protein-protein interactions [23] . For example, NetSearch program [24] was proposed to determine the candidate pathways among protein interaction data and score each pathway by calculating the number of pathway members that were involved in the same cluster derived from the expression data. This method finally selected highest-ranking pathways and combined them into signaling pathway. Furthermore, through the study of signaling pathways in multiple species, most interactions between proteins in signaling pathways are directional, including activation, inhibition, phosphorylation, dephosphorylation and ubiquitination [25] . The authors proposed a signal-flow direction method to predict the potential upstream-downstream relationships between protein pairs in protein-protein interaction networks. This method was successfully used for accurate reconstruction of signaling pathways through protein interaction networks. Newer signal-flow approaches to signaling pathway reconstructions used the information on pathway components lying on the same signal transduction cascade to infer the order of the signal-flow using optimization techniques [26, 27] . Boolean modeling framework has also shown its good performance in analyzing signaling pathways [28, 29] .
With the emerging growth of public databases by collecting the biological knowledge including 'omics' data (genomic, proteomic, transcriptomic, metabolomics data etc.) and biochemical pathways, computational methods can be integrated with comprehensive experimental knowledge to improve the reconstruction of the biological pathways. Some widely used databases, such as KEGG [2, 30, 31] and Saccharomyces Genome Database (SGD) [32] , have been discussed in detail in the next section.
In the remaining part of this review, we start with summarizing some key public data repositories used for biological pathway modeling followed by presenting selected bioinformatics approaches to pathway identification.
Data resource for S. cerevisiae
The current bioinformatics methods for pathway modeling mainly rely on known biological knowledge that has been experimentally validated through decades of study. This experimental knowledge can be used to evaluate the modeled pathways or integrate with data for pathway construction. Consequently, several repositories have been built and maintained by different research groups, which provide researchers with the access to biological information, such as mRNA expression data, protein-protein interactions or biochemical pathways. These integrated and comprehensive resources significantly facilitate various biological research and development. A list of selected databases which have been widely used for pathway modeling, is presented in Table 1 .
Databases, including Biogrid [33] , Database of Interacting Proteins (DIP) [34] , Molecular INTeraction database (MINT) [35] and Saccharomyces Genome Database (SGD) [32] , store proteinprotein interactions for S. cerevisiae with different scope and content, including the interactions observed from experiments or links predicted through computational methods. For example, latest version of BioGrid database contains 342 878 protein interactions that are directly extracted from publication using computational approaches [43] . MINT contains 62 621 experimentally validated protein-protein interactions that were manually collected from online publications. In addition to protein-protein interactions, SGD, ExpressDB [39] and yStrex database [40] contain yeast RNA expression datasets under different conditions and experiments. Compared to ExpressDB, SGD database maintains datasets most frequently and contains much more datasets including those generated in recent years. However, ExpressDB only stores expression datasets that were created prior to the year 2002.
There are three main databases that contain manually curated biological pathways representing the experimental knowledge from published literatures. MetaCyc [38] contains 268 pathways at present whereas KEGG [2, 30, 31] and SGD have 109 and 187 pathways, respectively, for S. cerevisiae. Pathways in the above mentioned databases are represented using different views. MetaCyc allows users to view individual pathway and the interconnections among pathways in a specific organism whereas KEGG combines several pathways from different An overview of bioinformatics methods | 97 species into one framework. Additionally, MetaCyc also provides the information whether a pathway has been experimentally validated [38] .
The computationally integrated gene network for S. cerevisiae, including coexpression network, genetic interaction network and protein-protein network, can be downloaded from YeastNet database [36] and Yeast Interactome Database [37] . Metabolomics data for metabolic study are also maintained in YMDB [41] and BIGG [42] .
Rapid growth in public databases covering a vast amount of biological knowledge is making the use of bioinformatics methods a more promising strategy for pathway modeling from both computational and biological point of view.
Bioinformatics approaches for biological pathway modeling
Computational approaches for modeling biological pathways can be developed using two types of modeling methods: network-based analysis and mathematical modeling. Networkbased methods apply graph theory to discover relationships among nodes in the pathways, where each node represents a biological entity, such as gene or protein, and each edge represents the interaction type between node pairs. Such networks can be represented as directed or undirected graphs. Probabilistic graph model is a typical network-based approach that uses methods such as Bayesian networks to learn cellular networks from gene expression data.
Mathematical modeling learns and analyzes the underlying network by transforming the reactions and entities into matrix form. Several mathematical approaches have been developed to study biological pathways, in terms of different types of biochemical mechanism, and complexity of networks. Signaling pathways can be mathematically formalized through Boolean network [44] by representing large-scale networks. Ordinary differential equations can provide quantitative models describing the small-sized gene regulatory network [45] . Large-scale metabolic pathways are usually modeled using stoichiometric methods and flux balance analysis [46, 47] . Detailed review of various mathematical modeling approaches and their applications in yeast pathways have been presented in [48, 49] .
In this section, we mainly consider network-based bioinformatics approaches for modeling pathways. We start with discussing data-driven approaches to infer biological associations from different types of 'omics' data, followed by describing knowledge-based methods that integrate prior knowledge with 'omics' data to improve the pathway modeling. Figure 2 represents the flowchart for pathway modeling using computational approaches.
Data-driven analysis
With the rapid development of high-throughput techniques, different types of 'omics' data become available for a deeper understanding of systems biology in yeast. Different computational approaches were proposed to model the biological pathways through the data of transcriptomes, proteomics, thermodynamics and metabolomics. In this section, we briefly review several popular bioinformatics approaches, which were developed to the biological networks in yeast from different types of data.
Transcriptome study
Transcriptomic profiling experiments generated microarray data or RNASeq data to represent the gene activity, by measuring the change of expression levels within a cell under different conditions. Many efficient algorithms were designed to infer the interaction and relationship among the cellular entities from gene expression data, by following the assumption: proteins encoded by coexpressed genes are more likely to interact in the same pathway and similar gene expression patterns tend to share similar biological function [50, 51] . Similarity of expression profiles can be formalized by several measures, such as Pearson correlation coefficient (PCC) and mutual information [52] . Pearson correlation coefficient is a standard way to represent coexpression measurement, which calculates the degree of Note. Twelve widely used databases are listed and the statistics of data in each database are presented. For example, SGD database provides 340 493 interaction records for yeast protein pairs from different types of experiments and 187 biochemical pathways for S. cerevisiae. SGD also provides 339 expression datasets from experiments. Besides the statistics, the website and related reference are also presented.
linear relationship between the expression values of gene pairs across the multiple conditions. Studies have emphasized on the construction of gene coexpression networks to infer cellular function from S. cerevisiae datasets [13, 16, [53] [54] [55] [56] [57] [58] [59] [60] [61] .
R package GTOM [55] was developed to infer the coexpression networks from yeast cell cycle datasets, where a novel measurement 'topological overlap' together with Pearson correlation coefficients was designed for network analysis. PCC was also applied on yeast expression data to confirm that gene pairs with highly correlated expression profiles were regulated by pair of interacting loci on chromosomes [56] . In the another work, the PCC was applied in the first step as similarity measurement to score each protein pair [57] ; this proposed method assessed and ranked the reliability of protein interactions to improve the prediction accuracy.
To overcome the shortcoming of missing gene-gene relationship information when transforming a pair of gene expression data across all samples into correlation coefficients [59] , identification of gene expression patterns based on local similarity [58] has been proposed. This method measures how significantly data fluctuates across experimental samples and how the regulation pattern represents each gene expression (up-or down-regulated).
Clustering algorithms have been successfully applied on yeast gene expression data to discover similar patterns among genes and identify coexpressed or coregulated genes involved in the same biological processes [62, 63] . K-means clustering and hierarchical clustering are two basic types of clustering algorithms. K-means clustering is a widely used algorithm to partition gene expression matrix into multiple subsets based on squared error criterion, however, hierarchical clustering groups genes with similar expression profiles to build a hierarchical tree structure from gene expression data, a graphically visualization of clusters through dendrogram [64] . Figure 3 represents how the two types of methods are applied to form the clusters. An overview of bioinformatics methods | 99
NetSearch [24] used K-means clustering to reconstruct the yeast MAPK signaling pathways. K-means clustering was also applied for protein function prediction by generating the coexpression groups from yeast gene expression data [65] .
However, both the two clustering methods have disadvantages, suffering from sensitive to outlier or limited to cluster size. Other novel approaches with substantial improvements have been developed to discover relationships among genes using expression data based on similarity or prior knowledge. Zhu et al. [66] proposed a network constrained clustering method where the similarity between gene expression profiles was measured by the shortest-path distance in a gene coexpression network. Learning the number of the clusters automatically without specifying it in the initial step [67] was also applied. Detailed reviews of approaches to perform clustering analysis on gene expression data have been presented in [68] [69] [70] .
Coexpression analysis was used as starting point to explore biological pathways. This analysis allows learning the similarity of expression profiles and interactions between genes. Applications of Gaussian graphical model (GGMs) and Bayesian networks on gene expression data have shown robust performances in constructing biological pathways [29, 71] , by expanding the coexpression network into gene regulatory network [72, 73] , metabolic pathway [74] and signaling pathway [75] . In these probabilistic models, regulation between each pair of genes depended on their conditional independence given the expression levels of the rest of genes.
The basic procedure of fitting a Gaussian graphical model (GGM) follows several steps. For any gene expression data X ¼ fx ij ji ¼ 1:::n; j ¼ 1:::mg, where n is the number of genes and m is the number of conditions, under the assumption of multivariate normal distribution, the variance matrix P for all gene pairs is firstly calculated and inversely transformed into precision matrix P À1 . The conditional independence network can be inferred from the precision matrix where genes X a and X b are connected in the graph if P À1 ab 6 ¼ 0. The Gaussian graphical network is inferred by the maximum likelihood estimation of the precision matrix. Several GMM-based approaches have been proposed to represent the yeast gene network. Authors [76] applied partial correlation derived from standard correlation in the precision matrix to discover regulatory genetic links involved in yeast metabolic pathways among a small set of genes. Also l 1 -regularized methods were integrated into Gaussian graphical models to solve the singularity problem of precision matrix in the case of high-dimension data by generating sparse covariance matrices. Gaussian graphical models combined with Graphical lasso algorithm, constrained l 1 -minimization and covariate-adjusted precision matrix estimation method were recently applied to construct yeast mitogen-activated protein kinase signaling pathway [77] [78] [79] .
Gaussian graphical models aim to construct undirected graphs to represent coregulated gene networks while Bayesian networks discover the causal relationship between gene pairs and are represented as directed acyclic graph. The effectiveness of Bayesian network methods using S. cerevisiae cell cycle data has been discussed in [80, 81] .
Proteome study
In the past decades, genome-scale protein interaction networks have been experimentally or computationally generated for S. cerevisiae [82, 83] . Interaction between proteins reflects the function association within the cellular system and thus the identification of protein-protein interactions is an important step toward the reconstruction of biological pathways. A comprehensive list of computational methods for identifying protein-protein interaction has been presented in [8] . Several methods have been developed to construct biological pathways by integrating protein interactions with transcriptomics data for S. cerevisiae. For example, the authors [84] curated an initial pathway model by gathering the galactose-related genes from existing knowledge and measured global cellular response by perturbing each gene in pathway. The paths between perturbed genes and regulated genes involved in the same metabolic pathway were identified based on known physical interactions. Steffen et al. [24] proposed a method to identify interaction subnetworks in regulatory and signaling pathways from protein interaction data and gene expression data across different conditions. They ranked each subnetwork based on the significant change in the expression profiles of the genes in the network. Tornow et al. [85] explored function modules through protein interaction networks based on the strength of correlation between gene pairs derived from expression data. They proposed a framework to discover a group of genes that were biologically correlated in genetic or cellular networks. Liu et al. [25] proposed novel score functions for protein-protein interaction data and gene expression data, and applied them on each subnetwork of yeast MAPK pathways with different permutation of protein sets. Scott et al. [86] improved the path searching algorithm by integrating the color coding approach and used a probabilistic approach to assign weights to each interaction of genes based on logistic regression and searched the paths of given lengths with the highest scores, where the score was defined as the product of weights of the edges in path. They built a logistic model from three random variables: (i) the number of times each interaction was identified in multiple experiments, (ii) the Pearson correlation between expression profiles for each pair of genes, and (iii) small world clustering coefficients. They developed two algorithms for finding paths and pathway structures in several yeast signaling pathways with high accuracy. This was further improved by heuristic search for pathway construction from protein-protein interaction and gene expression data [87] . To further address the edge orientation problems, integer programming approaches and genetic algorithms were proposed to search the optimal paths between sources and targets from global protein interactions for signaling pathway construction [88] [89] [90] [91] [92] . All these methods followed similar modeling framework in which path searching among the pool of interactions combining with path scoring strategy or constraintsbased algorithms. Other network analyses for modeling biological pathways on yeast, such as Boolean networks, have been reviewed in [93] .
These bioinformatics methods integrating proteomic data with transcriptomic data provide an alternative approach to understand biological pathways.
Metabolome/Fluxome study As we have described, the transcriptomic data and proteomic data represent a series of cellular functions in the top-bottom biological process, traversing from signaling pathway to gene regulatory network. Metabolites, as the end products of cellular process, participate in the metabolic pathways connected by biochemical reactions. Integrated analysis of gene, protein and metabolites with biochemical reactions can facilitate the genome-scale network reconstruction within an organism. Metabolomics data represent quantitative profiles of metabolites over a series of metabolic processes under different conditions, which can facilitate to understand the enzyme regulation in the metabolism through the changes in the level of metabolites. The metabolomics data of S. cerevisiae are provided in the databases [41, 42] , which were intensively applied to model the metabolic pathways that were perturbed underlying different conditions. Generally, metabolomics profiling data were applied to infer the intracellular fluxes in yeast metabolic system, which contributes to the fluxomics study to discover the intracellular pathway activities [94, 95] . Due to the property of steady state in the metabolic system, flux balance analysis [46, 47] has been widely used for analyzing the fluxes space and studying biochemical networks.
Knowledge-based analysis
A growing number of public databases, such as KEGG [2, 30, 31] and Saccharomyces Genome Database (SGD) [32] , have been created to provide information about function annotation, protein interactions and experimentally validated biological pathways ( Table 1 ). These databases serve as excellent resources to facilitate pathway predictions and models. Most researches have focused on integrating function annotation and protein-protein networks with expression data to improve the accuracy and precision of pathway construction. In the last section, we have reviewed computational approaches to construct biological pathways based on different kind of 'omics' data. To improve the accuracy of inferred pathways, data integration, which combines proteomic data, validated pathways, functional annotation and transcriptomic data, has been proposed. In this section, we reviewed several key methods for biological pathway modeling that utilize existing prior knowledge together with 'omics' data.
Integration of biological pathway and 'omic' data
Protein-protein interaction networks play key role in understanding the biochemical processes and construct the biological pathways within cells. However, protein-protein interaction networks are almost undirected, which only indicate the presence of interactions between proteins. This shortcoming presents a substantial challenge for pathway modeling with high accuracy since most biological pathways, such as signaling pathways and metabolic pathways, contain different types of directional interactions and reactions: (i) activation or inhibition of the transcription of gene for a protein under specific signal transductions response and (ii) gene regulation by phosphorylation or dephosphorylation [96, 97] . In order to reproduce biological processes with higher accuracy during the construction of biological pathways, several approaches have been proposed to extract prior biological knowledge from the known pathways, provided by KEGG, SGD and MetaCyc, and incorporate them into pathway modeling. Several statistical approaches [98, 99] have utilized pathways information from KEGG and combined them with microarray dataset to identify genes and subnetworks in several KEGG transcriptional pathways associated with diseases, by applying hidden Markovrandom field model. Authors [100] applied regression analysis An overview of bioinformatics methods | 101 with network-constrained method where they added gene pairs in the same pathway as penalty in the network-constrained regularization criterion for estimating the parameter in the regression model. Qi et al. [73] utilized prior biological knowledge of gene-gene interactions extracted from the KEGG database and applied Bayesian probabilistic graphical model to enlarge the metabolic pathway of yeast on the basis of initial pathways in KEGG database by sampling coexpressed genes from gene clusters derived from gene expression data. This integrated method improved the prediction accuracy compared to pure data-driven methods [70, 101] . Motivated by the successful applications of applying machine learning and data mining approaches in bioinformatics problems, Li et al. [102] developed a novel method to transform each metabolic pathway into a list of number by representing the features of graph property, chemical functional group and chemical structure set. The author finally constructed the vector matrix with 16 features for all pathways from yeast species, and applied nearest neighbor algorithm to identify the metabolic pathway.
Integration of functional annotation and 'omics' data
Functional similarity serves as the basis of coexpression networks and protein-protein interactions, and it is the key assumption to model the biological pathways from the gene expression data or protein interactions. Computational approaches combining gene ontology or chemical functional modules with gene expression data for modeling biological pathway have become a promising research direction in recent years. Gene ontology (GO) [103] represents the gene function and relationships with hierarchical structure in terms of three ontology categories: biological process, molecular function and cellular components. Semantic similarity measures have been applied to relate the genes in terms of GO terms and function annotation to discover the interactions between genes [104, 105] . Integration of function annotation and mRNA expression data on S. cerevisiae was proposed in [106] by applying Bayesian network method on the multiple modules consisting of highly correlated genes based on GO annotations and expression data. In this work, significantly affected genes under given experimental conditions were extracted initially and assigned a similarity score for each pair of genes based on the similarity of GO terms. Then different functional groups were generated based on the degree of dependency between genes derived from gene expression data. Modules were learned through Bayesian network method and were combined to form final genetic interaction network. Authors [107] generated the functional annotation relationship for proteins in the pathways from the KEGG database (template) and proteins in protein-protein interaction networks (target), and built a functional template-target mining strategy to search the signaling pathway segments from protein interaction networks [108] . This method also improved the accuracy and precision for yeast S. cerevisiae compared to earlier methods and had the ability to recover some missing links in the signaling pathway. To incorporate more biological information, authors [109] integrated functional similarity with pathways information, protein domain annotation and protein domain interactions to construct a probabilistic structure prior for Bayesian network inference. Independent of these methods, several other functional annotation-based methods have been proposed to infer biological pathway and obtain better insights into the cellular functions and regulation machinery [60, 110, 111 ].
Discussion
Organism model for computational modeling approaches As we have described, genome of S. cerevisiae has been intensively studied throughout cell levels with integrated analysis (e.g., genome, proteome, interactome, transcriptome, metabolome). In the past decades, substantial amount of omic data were generated to elucidate the yeast biological system, including gene expression data, protein-gene and protein-protein interactions, protein levels, and fluxes measurements of metabolite level [112] . The large-scale omics data provided a powerful test ground for computational modeling approaches to construct the biological pathways in yeast. Furthermore, due to the large part of yeast genes sharing the similar functions with homolog in other species, and the simplest cell structure in S. cerevisiae, we think applying the computational approaches on pathway modeling for S. cerevisiae is valuable and flexible because of several advantages. Firstly, large known biological data provided a significant prior knowledgebase for most computational approaches to learn the parameters and fit the models. And relatively simpler network structure with substantial prior knowledge may generate networks with high accuracy and less false-positive interactions, which also provides better interpretation of biological process in other species. More importantly, most computational methods will experience the limitation of network size. For example, in the Boolean network and Bayesian network, the possible subnetworks is super-exponential to the number of genes, which is most suitable to the small networks with no more than hundreds genes [113] . In addition, the availability of time series gene expression data in yeast also made the differential equations suitable to analyze the flux changes and gene regulation over time. Overall, yeast can be served as ideal organism model for the evaluation of computational methods that are useful to study other organisms.
From yeast to human: application of biological pathways modeling
Yeast was widely considered as preferred organism model in both experimental and computational research, not just because it is simplest unicellular eukaryote that is easy to manipulate, but also because of the similar characteristics in cellular system between yeast and human cells. In other words, the study of modeling biological pathways in yeast will facilitate the understanding of biological processes in humans. Many important biological processes in human cell pathways can be studied in yeast, such as lipid metabolism [4] , and cell cycle [5] . Furthermore, compared to higher eukaryotes, genome of S. cerevisiae has the relatively small number of genes ($6000) so that yeast has been widely studied under different conditions (e.g., cell types, temperatures) and single-cell levels (e.g., genome, proteome, transcriptome, metabolome). And the fact that a large part of yeast genes have the human orthologues made researchers easier to understand the biological activities in human cells. Generally, the knowledge of biological pathways modeling in yeast can be applied to human cells by the following protocol. The candidate pathways can be reconstructed by applying computational or experimental approaches on highthroughput experimental data from yeast models, and the identified networks in yeast can be served as the basis for reconstruction of human cell pathways. R. Usaite et al. [114] applied subnetwork searching algorithms on the integrated omic data to study the regulation of human AMP-activated kinases based on the analysis of regulatory network of the yeast orthologue Snf1 protein kinase. This work connected the similar function between the yeast Snf1 and human orthologue for better understanding the protein function and gene regulation in human cells. Recent study [115] detected potential cancer-related human signaling network which is orthologous to the yeast NaCI subnetwork detected by integer linear programming, which provided insights for understanding the human disease biology.
Integration of biological pathways
As discussed above, we mainly discussed about the computational modeling methods for three types of biological pathways, by utilizing different kind of data. However, the availability of An overview of bioinformatics methods | 103 methods considering all levels of biological pathways will also largely facilitate the genome-scale network reconstruction. Generally, each approach was designed to model the specific type of biological network because of its unique features and properties. For example, flux balance analysis (FBA) [47] is not suitable for signaling pathway because signaling pathway acts different functions responding to environmental changes, which often fail to reach steady state for FBA to simulate. However, graph-based approaches, such as Boolean network or Bayesian network have been developed to model the signaling pathways and gene regulatory network. Some efforts have been put to propose the methods connecting two of the three pathways [116] [117] [118] [119] . Gonçalves et al. [49] provides an overview on the scope and limit of current methods for integrating multiple pathways. Especially, for yeast model, Chandrasekaran et al. [120] has proposed their method to build genome-scale integrated model and showed the ability to integrate metabolic and regulatory network model. Lee et al. [121] also proposed a strategy by using the flux balance analysis to integrate signaling, metabolic and regulatory processes. However, a more comprehensive analysis is still in need to understand the whole cellular system and to better address the complexity of integrated signaling-regulatory-metabolic networks at the genome scale; more experimental data representing the interactions among the three pathways can be also incorporated to model the pathways.
Conclusion
We reviewed a number of bioinformatics approaches for yeast pathway modeling based on data-driven methods as well as knowledge-driven methods. Data-driven methods were developed to discover the biological pathways using solely the gene expression data or protein-protein interactions data. Knowledge-driven methods can integrate multiple source of information to effectively predict the biological networks. In particular, we focused on bioinformatics methods for modeling biological pathways through 'omics' data and applying network-based analysis to construct the pathways. Clustering algorithms are applied to identify coexpression groups for function prediction and biological network analysis. Probabilistic graphical model provides a statistical means to infer the network structures from gene expression data, where edges represents regulation between gene pairs relying on the conditional independence given the rest genes in network. However, pathways inferred from solely 'omics' data do not guarantee their biological interpretations. By utilizing information stored in public databases, such as the knowledge of protein-protein interactions, pathway information and functional annotation, integrated analyses can be performed to improve biological interpretations of the inferred pathways. Physical protein-protein interactions can be used to further refine the constructed model and discover true cellular reactions. The directionality information in the interactions and reactions in curated pathways can help improve the prediction accuracy and expand the biological pathways. Functional annotation provides a functional template to recognize the coregulation network with the ability to recover links in the signaling pathways. Table 2 listed several web servers providing the analysis of biological pathways in terms of different input data types and objectives. Both data-driven and knowledge-driven approaches cover a wide range of the statistical regression models to network-based probabilistic models, and even though modeling biological pathways from different kinds of data information is still challenging, computational methods with integrated knowledge are expected to improve the automation of the reconstruction process for biological pathways.
Key Points
• Substantial bioinformatics approaches have been applied to construct the biological pathways in yeast from high throughput data and protein-protein interactions.
• Coexpression analysis are mainly the starting point of discovering protein-protein interactions and cofunctional modules, which can further drive the study of signaling pathway modeling, gene coregulation exploration and construction of metabolic pathway.
• Data-driven methods, such as clustering approaches, probabilistic graphical models and Bayesian network, help discover the biological pathways using solely the gene expression eta or protein-protein interactions data.
• Knowledge-driven methods, by incorporating the protein-protein interactions, pathway information and functional annotations provided by available public database, can significantly improve the performance of biological pathway modeling. 
